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Abstract. In this work, the multilayer perceptron model was used to forecast the time series of 

global solar radiation for a near future about a week. Different architectures of this model were 

built through varying its different hyperparameters such as optimizers, activation functions, 

number of neurons and neuron dropout in which their performance was evaluated using error 

metrics. It was found that the architectures (60, SGD, Sigmoid), (10, Adam, Relu) and (60, SGD, 

Sigmoid) presented an R2 around 0.877, 0.873 and 0.872, respectively. The architecture with 

neuron dropout (150, SGD, Sigmoid, 0.2) presented a higher performance among all the 
architectures evaluated and its R2 value was 0.884. Architectures with higher performance are 
used to predict future values of solar radiation. 

1. Introduction 
In recent years, energy demand has increased due to industrial development, the growth of the economy 

and population [1]. This high energy demand produces a large increase in the burning of fossil fuels that 

releases large amounts of carbon dioxide and toxic gases into the atmosphere causing climate change 
and global warming, making it a global concern because of change on normal conditions of planet [2]. 

To mitigate and solve this problem, the use of clean energy such as renewable energy was increased to 

decarbonize the conventional electricity grid [3]. 
Solar energy is one of the most promising sources due to its availability and energy potential [4]. For 

this reason, the generation of photovoltaic energy has been increasing its installation both for systems 

connected and isolated from the electricity grid [5]. However, renewable energy such as solar and wind 
present an intermittent generation due to its variable nature caused by climatic factors [6], making it 

necessary to enter other generators and storage systems such as diesel and batteries to satisfy the energy 

demand of the place in a reliable way [7, 8]. 
In order to ensure the precise balance between production and electricity consumption using 

photovoltaic energy with greater penetration in the electrical grid, the precise forecasting of the solar 

resource is important to solve the problem of its uncertainty [9]. This solution allows the grid operator 
to guarantee a precise balance with a greater share of photovoltaic generation in a safe and reliable way 

[10-12]. 
In the literature, there are a lot of ways for forecasting time series such as classic models of the type 

Exponential Smoothing, Holt-Winters, Box-Jenking [13-14] and intelligent models such multilayer 
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perceptron neural network [15]. Multilayer perceptron performance (MLP) is dependent on many 

hyperparameters, its evaluating is important to get the best model predictive [16].  
This study aims to evaluate the combination of these hyperparameters and have good model 

performances. The work is organized as follows: Section 1 shows the introduction. Section 2 describes 

the methodology. Section 3 presents the results and discussions of different architectures of the MLP 
model. In section 4, we conclude and suggest future works. 

 

2. Methodology 

In this work, the solar radiation time series is used to predict future values using different configurations 
of the multilayer perceptron model. Time series data of global solar radiation is obtained NASA' website 

for a study location, which is used to train a supervised learning model and predict its future behavior. 
The flow diagram of the data processing, configuration, evaluation and forecasting of the MLP model 

is shown in figure 1. The first stage is about the data preparation process, where the data is divided into 

training and test data. Training data is normalized or scaled between values from 0 to 1 using the 
MinMax method [17]. Within this stage, an important sub-process is the transformation of the training 

data into input data for the MLP model, this transformation is carried out using the sliding window 

method that allows generating data series displaced at a later time [18-19]. 
The second stage is the configuration and training of the MLP model. In this stage, the model is 

defined by different architectures due to its hyperparameters. Each MLP architecture uses data to train 

and find a minimum error in its predictions. 
The evaluation of the MLP model is the third stage, where the predictions of each architecture are 

evaluated with test data through error metrics, which indicates the performance of each architecture. 

High performance architectures continue to the next stage, otherwise they are trained again. Finally, the 
last stage is the prediction of future values or forecast. At this stage, the highest performing architectures 

are saved and used to predict future values of time series. 

 
 

 

 

 
 

 

 
 

 

 
 

 

 

 
 

 

 
 

 

 

 

 

Figure 1. Flow chart to obtain future values: Data preparation process, configuration, evaluation and 
forecast of the model. 
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2.1. Study area and data of solar radiation 

The study place was chosen in the community called San Juan de Tarucani which is located in Peru, 

Arequipa region with coordinates 16° 11' S and 71° 3.6' E of latitude and longitude, respectively. 
Time series data of global solar radiation obtained at these coordinates is shown in figure 2a. On the 

other hand, in figure 2b, the radiation curve in hours and months is shown in a 3-dimensional graph; 

This curve shows greater radiation in the summer months, reaching values of 1.2 kW/m2. 

 
Figure 2. (a) Time series of solar radiation from the study site throughout the year. (b) Graph of global 

solar radiation in 3D for months and hours. 

 
2.2. Data preparation process: Data partitioning, scaling and transformation 

The time series data is partitioned into training and test data with 90% and 10%, respectively. The 

training data allows to find the optimal weights of the MLP model to ensure efficient learning and high 
performance in the predictions on training and test data. 

Intelligent models such as MLP improve their performance when their input values are scaled in a 

standard range. The MinMax method is used to scale data values between the range of 0 and 1. The 
training data is scaled to train MLP model through equation 1, and the predicted values by the model 

are rescaled to their normal values through the equation 2: 

                                                                 
min( )

max( ) min( )

i i
i

i i

x x
x
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
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
                                                      (1) 
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Where min (𝑥𝑖) and max (𝑥𝑖) are the minimum and maximum values that are present in the training 

data, respectively, 𝑥𝑖
′ is the scaled value of 𝑥𝑖 which is between values of 0 and 1. 

Univariate time series are a unique set of observable values in a time order that can be predicted 

using supervised learning models such as the MLP model. However, this set of time series requires 

being prepared as input and output data to train the model. This preparation consists of generating 
samples with observable values shifted in previous time steps as input variable and an observable value 

of next time step as output variable. This procedure is called the sliding window method, where the 

number of previous time steps is called the window width, and each window shift predicts an observable 
value. 

Figure 3 graphically shows data preparation, training, and prediction of the MLP model. The value 

of (t + N) and M represent the number of observable values for training and test data, respectively. When 
preparing data, the observable values of the time series were divided into (N + M + 1) samples with t 

number of time steps as input variable and one time step as output variable. The new training data has 

(N + 1) sliding windows or samples which are used as input data to train the MLP model and predict the 
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following values. When the model finds an optimal learning with new training data and a minimum 

error, the predictions on test data are carried out. These predicted values are obtained when test data 
samples are entered into the model; As an example, when entering the sample with label (N + 2) to the 

model, an observable value 𝑥(t + N + 2) is obtained. These predictions are evaluated with values of test data 

using error metrics. 

 

 
 

Figure 3. Data preparation, training and prediction of the MLP model. 

 

2.3. The multilayer perceptron (MLP) model 
Within the artificial neural network, the MLP model is one of the most used architectures because it is 

an efficient and practical learning algorithm, which allows a wide application in various fields of science 

and industry [20-22]. 

Multilayer perceptron neural network is comprised of three types of layers, which are input layer, 
hidden layer and output layer where each one has a certain number of neurons which are interconnected. 

The data processing of the MLP model has several stages [23-24]: In the first stage, this process occurs 
in the input layer neurons and hidden layer neurons. The observable values assigned to each neuron in 

the input layer are multiplied by the assigned weights, then added by bias and stored in each neuron in 

the hidden layer. This process is mathematically expressed in equation (3): 


1

, 1,2,3,...,
t

l il i l
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h w x l j
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                                                   (3) 
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Where 𝑙 represents the number of input neurons, 𝑥𝑖 represents the values of each neuron in the input 

layer and 𝑤𝑖𝑙 is the weight assigned to connect the input neuron 𝑥𝑖 and the hidden neuron 𝑙. The second 

term is the bias 𝛽𝑙  which is assigned to each neuron in the hidden layer. The sum of the product between 

input values and their assigned weights, plus the bias of each hidden neuron are represented by ℎ𝑙. 

The second stage occurs at the output of hidden layer neurons where the output values of each hidden 

neuron are calculated as follows: 

( ) , 1,2,3,...,l lH f h l j                                                      (4) 

Where 𝐻𝑙 is the output value of each hidden neuron and 𝑓 is the activation function that transforms 

the values of ℎ𝑙. 

The activation functions are varied, being the most used the types of activation functions Sigmoid, 
Tanh and Relu [25], which are represented by equations (5), (6) and (7), respectively: 
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The last stage occurs in the output layer neurons, where the output values of hidden layer neurons 
are multiplied by new assigned weights and added by a value of bias to each output neuron. That is 

represented by: 


1

( ) , 1,2,3,...,
j

k lk l k

l

O f w H k n


                                            (8) 

Where 𝛽𝑘 is the bias of each output neuron, 𝑤𝑙𝑘 is the weight assigned to the output values of each 

hidden neuron which is the connection between the hidden neurons and output neurons, 𝑓 is the 

activation function of the output layer neurons and 𝑂𝑘 is the output value of the multilayer perceptron. 
The main objective of the MLP model is to predict values closer to the observable values. For this 

reason, it is important to minimize the error of the MLP predictions. The cost or error function (E) is 

represented in equation (9), which has been considered for a single neuron in the output layer making 

𝑘 = 1 and 𝑂1 = 𝑦
𝑝𝑟𝑒𝑑

  derived from the equation (8): 

2

1

1
( )

2

n

i pred

i

E y y


                                                     (9) 

Where 𝑦𝑝𝑟𝑒𝑑 is the predicted value by the model and 𝑦𝑖 is the observable value of the time series 

with n observable quantities. 

This error function is iteratively minimized by optimization algorithms, which aims to find optimal 
weights that improve the learning process of the model and minimize the error between predicted and 

observable values. The MLP model uses several types of optimization algorithms or also called learning 

algorithms such as Gradient Descending (SGD), RMSprop and Adam, among others [26]. 
The performance of the MLP model is evaluated using error metrics. These metrics are the mean 

square error (MSE), mean square error (RMSE), mean absolute error (MAE) and the coefficient of 

determination (R2).These metrics indicate how good is the model performs when the MSE, RMSE, and 
MAE values are close to zero and R2 is close to 1 [27]. 
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3. Experimental setup of MLP models 

To obtain an adequate MLP model, it is important to study its hyperparameters and the performance of 

its predictions. For this, different hyperparameters are evaluated which generate diverse configurations 
of the model, among them we have a learning algorithm, activation function, number of neurons in the 

hidden layer and neuron dropout. There are other hyperparameters such as input windows or input 

neurons, learning rate, number of output neurons and other parameters which are kept fixed in this study.  
The solar radiation time series data is one year of record in units of kW/m2 per hour and has 8760 

observable values that are divided into training and test data in a relationship of 90% and 10%, 

respectively. In the training data, the minimum and maximum values are 0 and 1.2 kW/m2 to be used in 
scaling and rescaling. For data preparation, the observable values of the time series were divided into 

7884 samples with 876 number of time steps as input variable and one time step as output variable. 
These input and output data are used to train the model and make predictions. 

Table 1 shows the different values for these hyperparameters used in the MLP configuration, which 

generate 216 configurations to be evaluated. These configurations are represented as architectures of the 
type (number of neurons, optimizer, activation function, with and without neuron dropout, among 

others). The architectures are trained with training data at a learning rate of 0.001 and with 80 training 

epochs for each optimizer. 
The predictions generated by the MLP model architectures are evaluated with the test data using 

error metrics (MSE, RMSE, MAE, R2) to indicate how good their performance is. Subsequently, the 

MLP architectures are saved to later train them with the entire time series and predict future values 
outside the series. 

 

Table 1. Hyperparameters and their values for various architectures of MLP model. 

Hyperparameters Possible values Count 

Number of time steps or input 

neurons 
876 1 

Learning algorithm or optimizer SGD, Adam, RMSprop 3 

Learning rate 0.001 1 

Activation function Sigmoid, Relu and Tanh 3 

Hidden layer neurons number 2, 3, 4, 5,6, 10, 20, 40, 60, 80, 100, 150 12 

dropping out units 0% (dropout=0) and 20% (dropout=0.2) 2 

Number of output time steps or 
output neurons 

1 1 

Total number of 

hyperparameter combinations 
 216 

 

4. Results and discussion 

In this section, the training results, predictions and performance evaluation of the MLP model with 

different architectures will be given. 
 

4.1. MLP training process for various architectures 

The training processes for different MLP architectures are shown in figure 4. These graphs show the 
learning (solid lines) and validation (dotted lines) convergence curve for each architecture. 

Figures 4a - 4c show the overlap of the training and validation curves when neuron dropout is not 

used (dropout = 0). However, when using neural dropout (dropout = 20%), there is a separation distance 
between the training and validation curves. Oneto et al. [28] indicate that the use of neuron dropout is 

important to reduce the overfitting generated in training and to improve the performance of the model. 

Furthermore, in figure 4a and figure 4b, it is observed that the use of neuron dropout and the increase in 



Peruvian Workshop on Solar Energy (JOPES 2021)
Journal of Physics: Conference Series 2180 (2022) 012017

IOP Publishing
doi:10.1088/1742-6596/2180/1/012017

7

 
 

 

 
 

 

the number of hidden neurons decreases the distance between the training and test curve, reaching a 

minimum error. 
Furthermore, these figures show that when neurons in the hidden layer increase for SGD optimizer, 

activation function (Relu, Tanh, and sigmoid), and neuron dropout, there is an overlap of training curves. 

The opposite occurs when decreased neurons, these training curves are separated, being observed in 
figure 4a and figure 4b. It is also observed that the training and validation curves reach a minimum of 

training loss with the Relu activation function and the SGD optimizer than the other activation functions. 

Figure 4d - 4f, the training and validation curves are shown in the same range as the previous curves. 
These curves converge when neurons are increased except for RMSprop and Tanh, which present a 

different behavior. It is also observed many pronounced peaks appear as noise in the validation curve 

being RMSprop and Sigmoid a little more stable. 
Figure 4g shows the training and validation curves for the combination of Adam and Relu. Without 

neuron dropout, curves converge and overlap with little noise; however, when neuron dropout is added, 

these curves tend to separate with pronounced peaks. On the other hand, in figure 4h and figure 4i, the 
activation functions (Tanh, sigmoid) with the Adam optimizer have a similar behavior to the curves 

generated by Tanh and Sigmoid with the RMSprop optimizer. 

Figure 4. Training and validation curves of the MLP model for different architectures with activation 

functions (Relu, Tanh, Sigmoid) and the optimizers (SGD, RMSprop, Adam). 
 

4.2. Predictions of different architectures on test data of solar radiation 

Figure 5 shows the predictions of global solar radiation for each MLP architecture concerning to its 
activation function (Relu, Tanh and Sigmoid), optimizer (SGD, RMSprop, Adam), with neuron dropout 

(0.2) and without neuron dropout (0). The architectures without neuron dropout are shown with solid 

lines, while the architectures with neuron dropout are represented by dotted lines. 
Figure 5a – 5c show the predictions for the architectures (SGD, activation function, dropout=0) with 

activation functions Relu, Tanh, Sigmoid and different numbers of neurons. These figures show high 
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and low values of predictions on the peaks of solar radiation profile. It is also observed that the highs 

and lows of the predictions occur when solar radiation takes zero value. 
Figure 5d shows the architecture predictions (RMSprop, Relu, dropout = 0.2, neurons). This figure 

shows how the predictions of these architectures have good precision with initial observable values and 

then lose precision. In figure 5 (e) and (f), the predictions improve when considering more neurons. 
Figure 5g- 5i, it is observed that the architectures (Adam, Relu, neurons) have better predictions of 

solar radiation including values close to zero. At these architectures when neuron dropout is considered, 

the predictions decay over time. 

Figure 5. Predictions of the different architectures on the solar radiation test data. 
 

4.3. Error metrics for different MLP architectures 

Figure 6 shows the performances of MLP model architectures as a function of neurons number and 
learning rate (Lr = 0.001), these performances are obtained by means error metrics of type MSE, RMSE, 

MAE and R2. 

The architectures with SGD optimizer and different activation functions (Relu, Tanh and Sigmoid) 
have better performance than with the other optimizers, being shown in figure 6a – 6c. On the other 

hand, in figure 6d - 6f, the architectures with RMSprop optimized and different activation functions 

have low performance when neurons are increased for cases with and without neuron dropout. It is also 
observed that the RMSprop optimizer with Tanh and Sigmoid have lower performance than the SGD 

optimizer and the activation functions studied. 
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In figure 6g, the architectures with Adam and Relu have similar performances to the RMSprop 

optimizer and Relu function; however, with the Tanh and Sigmoid activation functions these 
performances tend to increase when the neurons increase as shown in the figure 6h and figure 6i. 

Figure 6. Error metrics for different architectures with SGD, RMSprop, Adam optimizer and Relu, 

Tanh and Sigmoid activation functions to different cases with and without neuron dropout. 
 

4.4. Solar radiation forecast 

Table 2 and table 3 show error metrics values of architectures evaluated with and without neuron 

dropout. 
Table 2 shows that the SGD optimizers with different activation functions have low MSE, RMSE 

and MAE, and a high value of R2 compared to the other architectures. It is also observed that SGD and 

Sigmoid present an R2 with a value of 0.87761 greater than SGD using Tanh and Relu functions. 
Table 3 shows different architectures with neuron dropout. These have high R2 when neurons are 

increased. It is also observed that the architecture (150, SGD, Sigmoid, 0.2) have the highest R2 among 
all architectures evaluated with and without neuron dropout. 
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Table 2. Error metrics for different architectures without neuron dropout. 

MLP architectures MSE RMSE MAE R2 

(60, SGD, Relu) 0.01948 0.13956 0.07768 0.86782 

(60, SGD, Tanh) 0.01885 0.13729 0.08561 0.87209 

(40, SGD, Sigmoid) 0.01804 0.13429 0.08184 0.87761 

(20, RMSprop, Relu) 0.02006 0.14162 0.07905 0.86388 

(20, RMSprop, Tanh) 0.02378 0.15419 0.08369 0.83865 

(60, RMSprop, Sigmoid) 0.02439 0.15618 0.08599 0.83447 

(10, Adam, Relu) 0.01859 0.13636 0.07527 0.87382 

(80, Adam, Tanh) 0.02371 0.15399 0.07855 0.83908 

(40, Adam, Sigmoid) 0.02443 0.15631 0.08010 0.83419 

 

Table 3. Error metrics for the different architectures with neuron dropout. 

MLP architectures MSE RMSE MAE R2 

(80, SGD, Relu, 0.2) 0.02063 0.14364 0.08479 0.85998 

(100, SGD, Tanh, 0.2) 0.01892 0.13755 0.09041 0.87161 

(150, SGD, Sigmoid, 0.2) 0.01697 0.13026 0.07744 0.88484 

(100, RMSprop, Relu, 0.2) 0.08752 0.29584 0.19751 0.40602 

(20, RMSprop, Tanh, 0.2) 0.02015 0.14196 0.07285 0.86324 

(60, RMSprop, Sigmoid, 0.2) 0.01907 0.13808 0.08115 0.87061 

(20, Adam, Relu, 0.2) 0.13837 0.37198 0.26685 0.06097 

(60, Adam, Tanh, 0.2) 0.02527 0.15898 0.10314 0.82848 

(150, Adam, Sigmoid, 0.2) 0.02311 0.15200 0.08946 0.84320 

 

The best architectures of the model are used to train with the entire time series of solar radiation and 

make forecasts for the next 6 days, this is shown in figure 7. These architectures are taken from table 1 
and 2, which show the highest performance among all the architectures evaluated. The thick lines of 

figure 7 show the architectures predictions on the test data without neuron dropout and the thin lines of 

the same color show the architectures predictions for the next 6 days. Similarly, the dotted lines describe 
the architectures predictions with neuron dropout and the dotted lines of the same faint color are the 

forecast for the same following days. 
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Figure 7. Forecast of global solar radiation for different architectures with SGD, RMSprop and Adam 

optimizers and their activation functions (Relu, Tanh and Sigmoid). 
 

5. Conclusion 

Solar radiation forecasting allows photovoltaic generation to be safe and reliable for an isolated or grid-

connected hybrid generation system. Knowing the solar radiation in the future will allows the operators 
of these systems to give a greater percentage of participation to photovoltaic generation, reducing the 

operating costs, technical and environmental effects of the system. 

In this article, the behavior of MLP was studied for its different architectures in relation to its 4 
hyperparameters (optimizer, activation function, number of neurons in the hidden layer, neuron dropout) 

to predict the global solar radiation time series and their future values. 

In the training and validation curves were found that when neuron dropout is added (dropout = 0.2) 
in the hidden layer, these curves tend to separate and their separation distances decrease or increase 

when their hyperparameters vary (number of neurons, type activation function and optimizer). The 

importance of introducing neuron dropout is to avoid overfitting the model and to have better 
performance. It was also found in the validation curves that the SGD optimizer with the three activation 

functions had very little peaks or noises, which indicates a good learning of the model. This good 

performance of the MLP model using the SGD optimizer can be seen in error metrics, predictions on 
the time series and its realized forecast. 

In the performance of architectures without neuron dropout, it was found that the architectures (60, 

SGD, Sigmoid), (10, Adam, Relu) and (60, SGD, Sigmoid) have an R2 around 0.877, 0.873 and 0.872, 
respectively. For other cases, where neuron dropout was considered, the architecture (150, SGD, 

Sigmoid, 0.2) had a higher performance among all the architectures evaluated, giving an R2 value of 

0.884. 
The architectures with the SGD optimizer and three activation functions had more stable predictions 

in the future predictive values than other architectures. 
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As future work, it is proposed to use intelligent optimizers that allow to make a great combination of 

more hyperparameters, find the most optimal MLP architecture, and obtain a higher performance than 
we found. It is also suggested to work with greater time series data for the analysis, as well as to study 

their confidence intervals for future values. 
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